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Abstract 

Huntington’s disease (HD) is characterized by progressive striatal atrophy and complex proteomic 

changes in the central nervous system. Using the ultrasensitive NULISA proteomic platform, we 

analyzed cerebrospinal fluid (CSF) from 88 persons with HD to dissect the biological correlates of 

gray matter loss. We identified a two-signal pattern of pathology. The first track, marked by the 

axonal damage protein Neurofilament Light (NEFL), showed a strong negative correlation with 

putamen volume (Pearson r = -0.53, p < 0.001), consistent with prior work supporting NEFL as a proxy 

for neurodegeneration and brain atrophy in HD. The second track was defined by a positive 

association between the immune regulator TNFRSF8 (CD30) and putamen volume (Pearson r = 0.36, 

p < 0.001), indicating a loss of putative immune-regulatory signal as atrophy progresses. TNFRSF8 

was pre-specified for follow-up given its immune-regulatory role and interpretability in the context 

of immune dysregulation consistent with an immune-exhaustion-like profile. TNFRSF8 showed an 

independent association with striatal volume (Beta = 0.24, p = 0.008) after controlling for NEFL, CAG-

Age-Product (CAP) score, and sex. These findings suggest that reduced immune-regulatory signaling 

is a distinct pathological correlate in HD, separable from general cytoskeletal damage, and warrants 

evaluation in longitudinal and interventional studies. 

Keywords: Huntington’s disease; proteomics; NULISA; neurodegeneration; striatum; 

neuroinflammation; biomarkers 

 

1. Introduction 

Huntington’s disease (HD) is a fatal neurodegenerative disorder driven by a Cytosine-Adenine-

Guanine (CAG) repeat expansion in the huntingtin (HTT) gene [1]. A hallmark of HD pathology is 

the selective vulnerability and progressive degeneration of striatal medium spiny neurons in the 

caudate and putamen [2]. Striatal atrophy begins well before the onset of diagnostic motor 

manifestations, providing a long prodromal window during which neurodegeneration can be 

tracked using structural magnetic resonance imaging (MRI) [3–6]. While MRI offers a macroscopic 

readout of tissue loss, fluid biomarkers are needed to interrogate the molecular processes associated 

with this degeneration and its modulation over time [7]. 

Current biomarker research has largely emphasized cytoskeletal markers such as neurofilament 

light chain (NEFL), which increase in cerebrospinal fluid (CSF) and blood in association with 

neurodegeneration and track disease intensity and progression in HD [8]. Although NEFL provides 
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a robust gauge of aggregate axonal damage, it is less informative regarding upstream biological 

processes—such as inflammation and immune dysregulation—that may contribute to or modulate 

degeneration in HD [9,10]. Advances in high-sensitivity, high-multiplex proteomic technologies now 

enable improved characterization of low-abundance inflammatory and immune mediators in 

biofluids. In particular, the NULISA (Next-Gen Ultra-Sensitive Immunoassay) platform supports 

attomolar-sensitive, multiplexed quantification of large protein panels—including cytokines and 

other immune-related targets—offering a new window into the immune microenvironment 

associated with neurodegeneration [11]. 

HD progression shows substantial inter-individual variability, and mounting evidence 

implicates immune dysregulation as one contributor to phenotypic heterogeneity and progression 

rates. High-sensitivity CSF proteomics provides an opportunity to quantify low-abundance immune-

regulatory proteins that may index distinct biological “tracks” of neurodegeneration beyond 

aggregate cytoskeletal injury. In this study, we test whether immune-regulatory signaling measured 

in CSF explains variance in striatal atrophy that is statistically independent of neuroaxonal damage 

markers. 

2. Results 

2.1. Validation of Striatal Atrophy 

Volumetric screening confirmed significant, disease-specific atrophy in the striatum. The 

strongest correlation between gray matter volume and disease burden (CAG-Age-Product [CAP] 

score) was observed in the putamen (Spearman rho = -0.64, p < 0.001), followed by the caudate 

(Spearman rho = -0.44, p < 0.001). Measures of global brain volume showed weaker associations, 

validating the striatum as the primary locus of degeneration in this cohort (Table 1). These patterns 

are consistent with established longitudinal imaging findings in HD cohorts [4,5,12–14]. 

Table 1. Volumetric Screening (Top 15 Regions). 

Region R_CAP1 P_CAP Norm_Stats -log10(p) 

Putamen_volmm3 -0.64 1.98 × 10−11 0.73 (0.13) 10.70 

Brainsegvol -0.54 5.64 × 10−8 197.94 (0.91) 7.25 

Accumbens-area_volmm3 -0.48 1.70 × 10−6 0.10 (0.02) 5.77 

Supratentorialvol -0.46 7.18 × 10−6 173.48 (2.59) 5.14 

Caudate_volmm3 -0.44 1.41 × 10−5 0.53 (0.11) 4.85 

Pallidum_volmm3 -0.44 1.88 × 10−5 0.29 (0.05) 4.73 

SubCortGrayVol -0.42 3.83 × 10−5 4.74 (0.47) 4.42 

ctx-rh-

caudalmiddlefrontal_volmm3 
-0.38 2.76 × 10−4 0.49 (0.09) 3.56 

ctx-lh-postcentral_volmm3 -0.34 0.001 0.89 (0.13) 2.92 

ctx-rh-precentral_volmm3 -0.33 0.002 1.01 (0.14) 2.75 

ctx-lh-fusiform_volmm3 -0.32 0.002 0.66 (0.09) 2.68 

ctx-lh-superiorfrontal_volmm3 -0.31 0.003 2.07 (0.27) 2.48 

ctx-lh-

rostralmiddlefrontal_volmm3 
-0.29 0.006 0.97 (0.14) 2.21 
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ctx-rh-superiorfrontal_volmm3 -0.28 0.008 2.27 (0.26) 2.12 

ctx-rh-lateraloccipital_volmm3 -0.27 0.011 1.07 (0.13) 1.94 

1 CAP=CAG-Age-Product. 

2.2. Divergent Proteomic Signatures 

We identified two distinct biological signals tracking with striatal atrophy. Screening results are 

provided in Table S1 (Spearman rho) whereas the region-of-interest associations below are reported 

as Pearson r. 

The Damage Signal (NEFL): Levels of NEFL were strongly negatively correlated with putamen 

volume (Pearson r = -0.53, p < 0.001). As striatal tissue is lost, CSF NEFL concentrations rise, reflecting 

neuroaxonal injury and release of cytoskeletal debris, consistent with extensive prior work 

supporting NEFL as a biomarker of neurodegeneration in HD [8,15,16]. 

The Immune Signal (TNFRSF8): In a divergent pattern, the immune regulator TNFRSF8 (CD30) 

showed a positive correlation with putamen volume (Pearson r = 0.36, p < 0.001). As the striatum 

degenerates, levels of this putative immune-regulatory signal decline. TNFRSF8/CD30 is a member 

of the tumor necrosis factor (TNF) receptor superfamily with immune-regulatory functions, 

supporting its interpretation as an immune-associated signal in this context [17,18]. 

The correlations differed in direction (Figure 1). Additionally, the difference between dependent 

correlations was statistically significant (Steiger’s Z = -5.94, p < 0.001). Taken together, these patterns 

support opposing biological behaviors rather than a single underlying factor [19]. 

 

Figure 1. Divergent 'Two-Track' signatures of striatal neurodegeneration. Scatterplots show normalized 

putamen volume (y-axis) versus CSF biofluid markers (x-axis). (Left) Track 1: Neuroaxonal damage marker 

NEFL increases as putamen volume declines. (Right) Track 2: Immune regulator TNFRSF8 (CD30) decreases as 

putamen volume declines. Across panels, up indicates larger putamen volume and right indicates higher 

biomarker level. This divergence is consistent with immune dysregulation in an immune-exhaustion-like profile. 

2.3. Independent Contributions to Atrophy 

To determine whether the immune signal provides unique information, we performed an 

independence test using multivariable regression (Figure 2). A baseline model with CAP score, sex, 

and NEFL explained 35.6% of the variance in putamen volume (R2 = 0.356). Adding TNFRSF8 

increased explained variance to 40.9% (R2 = 0.409; ΔR2 = 0.053), and it significantly improved model 

fit (p = 0.008). TNFRSF8 was statistically significant as an independent predictor (Beta = 0.24, p = 0.008) 

even after controlling for the robust effect of NEFL. 
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Figure 2. Standardized regression coefficients for the multivariable model predicting normalized putamen 

volume. Coefficients are adjusted for CAP score (and sex when available), highlighting separable associations 

for NEFL and TNFRSF8. 

Representative individual-level examples are shown in Figure 3, illustrating two distinct 

biomarker signatures (high NEFL vs. low TNFRSF8) within the putamen atrophy quartile. 

 

Figure 3. Individual-level exemplars of the divergent biomarker tracks. Axial slices show putamen segmentation 

overlays and chip-style annotations for normalized putamen volume (left/right), NEFL, and TNFRSF8. 

Exemplars are selected from the putamen atrophy quartile to illustrate high-NEFL and low-TNFRSF8 profiles. 

In prespecified disease-burden model comparisons on the same complete-case sample (N=88), 

the CAP-adjusted model showed Adj R2 = 0.380 (CV RMSE = 0.108), compared with the age-adjusted 

model (Adj R2 = 0.350; CV RMSE = 0.111) and the no-burden model (Adj R2 = 0.355; CV RMSE = 0.110). 

CAP-adjusted models showed the best performance and modestly outperformed the age-adjusted 

and no-burden specifications (Table 2). 
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Table 2. Disease-burden covariate model comparison for putamen prediction. 

Model N_complete_case ADJ_R2 AIC BIC CV_folds CV_RMSE CV_MAE 

No burden (no 

Age/CAP1) 
88 0.355 -137.9 -128.0 10 0.110 0.076 

Age-adjusted 88 0.350 -136.2 -123.8 10 0.111 0.078 

CAP-adjusted 88 0.380 -140.5 -128.1 10 0.108 0.075 

1 CAP=CAG-Age-Product. 

To mitigate optimism from using the same cohort for screening and modeling, we estimated 

confidence intervals for Beta via bootstrap resampling (B = 1,000). Internal validation confirmed the 

stability of the TNFRSF8 effect (Beta = 0.24, 95% Bootstrap CI: [0.06, 0.46]) [20]. 

2.4. Mediation Analysis 

Cross-sectional mediation of CAP effects via TNFRSF8 was not strongly supported (Sobel p = 

0.106; bootstrap indirect effect small and borderline; see Table S2). 

3. Discussion 

Our findings propose a “Two-Track” model of HD pathology. Track 1, represented by NEFL, is 

the familiar signal of structural disintegration—a readout of neuroaxonal injury that is increasingly 

used in HD biomarker research. [4,5,30] Track 2, represented by TNFRSF8 (CD30), suggests a distinct 

immune-associated signal that declines with advancing striatal degeneration. This distinction is a 

hallmark of immune dysregulation consistent with an immune-exhaustion-like profile. 

TNFRSF8/CD30 is a TNF receptor superfamily member with known roles in immune signaling and 

regulation, consistent with an interpretation involving reduced immune-regulatory signaling as 

atrophy progresses [17,18]. 

This immune interpretation is biologically plausible given a broader literature supporting 

immune alterations in HD, including immune activation detectable prior to clinical onset, 

neuroinflammatory pathways implicated in disease progression, and evidence of microglial 

activation in persons with HD before clinical motor diagnosis [10,21–25]. The clinical implication is 

that targeting the immune system in HD may require a different approach than nonspecific 

suppression of inflammation. Rather, future research should evaluate whether preserving or 

restoring immune-regulatory signaling pathways (e.g., TNF/TNFR family superfamily) yields 

benefit, ideally using designs that can test temporal ordering and within-person coupling [26]. 

Consistent with CAP as a disease-burden construct [27], CAP-adjusted models provided better 

overall performance than age-adjusted models in this cohort (Adj R2 0.380 vs 0.350; CV RMSE 0.108 

vs 0.111). 

Consistent with this separability, cross-sectional mediation of CAP effects via TNFRSF8 was not 

strongly supported in this sample (Sobel p = 0.106; bootstrap indirect effect small and borderline; see 

Table S2). 

Furthermore, the independence of the TNFRSF8 signal suggests that a composite biomarker 

(NEFL + TNFRSF8) could provide a more comprehensive picture of disease state than either marker 

alone, potentially aiding stratification for future clinical trials and biomarker-guided enrichment 

strategies [8,15,16]. 

Despite these striking findings, this study presents several limitations that may inform future 

research. Cross-sectional mediation analysis may be biased in cases where the underlying causal 

process is dynamic or complex. Additionally, the comparatively small sample size – 88 persons with 

HD – may limit the statistical power and generalizability of our findings. Future work should 

therefore extend this cross-sectional analysis using larger longitudinal datasets with repeated CSF 
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collection paired to structural MRI. Such designs would enable (i) mixed-effects trajectory models to 

quantify within-person change in TNFRSF8 and striatal volume, (ii) tests of temporal precedence 

using time-lagged associations (e.g., whether TNFRSF8 decline precedes accelerated putamen 

atrophy), and (iii) longitudinal mediation or dynamic path models that are not identifiable from 

cross-sectional data and can reduce bias inherent in single-timepoint mediation inference [28–30]. 

With larger longitudinal samples, multi-marker approaches (e.g., TNFRSF8 + NEFL) could be 

evaluated for prognostic enrichment, stratification of progression subtypes, and sensitivity to 

therapeutic target engagement in interventional studies. 

4. Materials and Methods 

4.1. Participants 

We analyzed data from 88 people with HD (CAG repeats ≥36) spanning the stages before clinical 

motor diagnosis and the early stages after clinical motor diagnosis [31,32]. Demographics and clinical 

characteristics are summarized in Table 1. The cohort had a mean age of 39.0 years (SD=11.8) and a 

mean CAP score of 336.5 (SD=92.3) [27,33]. 

Table 3. Participant Demographics. 

Characteristic Cohort (N=88) 

Age, years (SD) 39.01 (11.83) 

Education, years (SD) 15.29 (2.16) 

CAP1 score (SD) 336.48 (92.25) 

CAG2 Repeats (SD) 42.74 (2.93) 

Sex, n (%)  

  Female 58 (65.9%) 

  Male 30 (34.1%) 

1 CAG-Age-Product, 2 Cytosine-Adenine-Guanine. 

4.2. Neuroimaging 

T1-weighted MRI scans were acquired on 3T scanners using harmonized protocols across sites 

and processed with FastSurfer to generate automated segmentations of subcortical structures [34]. 

Caudate and putamen volumes were normalized to intracranial volume (ICV) using the ratio method 

(Volume/ICV). For the present analysis, which required paired CSF and MRI, we restricted the 

sample to participants with both structural MRI and CSF available from the University of Iowa and 

the University of Wisconsin–Madison. 

4.3. CSF Collection and Handling 

CSF samples included in this analysis were collected at the University of Iowa and the University 

of Wisconsin–Madison under standardized protocols, processed according to study procedures, and 

stored until assay. Samples were shipped to the BioSpecimen Exchange for Neurological Disorders 

(BioSEND) repository at Indiana University for centralized handling, where they were blinded and 

aliquoted before shipment to the University of Wisconsin Alzheimer’s Disease Research Center 

(ADRC) Biomarker Lab for analysis [35]. Following completion of laboratory assays, results were 

unblinded, enabling linkage of CSF measures to imaging-derived outcomes for the present conjoined 

analyses. 

4.4. Proteomics 

Proteomic profiling was performed using the NULISAseq Central Nervous System (CNS) 

Disease Panel 120 and Inflammation Panel 250 (Alamar Biosciences), targeting a combined total of 

approximately 370 proteins [11,36,37]. Data were normalized using internal and inter-plate controls 
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and log2-transformed to the NULISA Protein Quantification (NPQ) scale [37]. Values below the limit 

of detection (LOD) were retained (as NPQ values) consistent with manufacturer recommendations, 

and low-detectability analytes were filtered prior to screening, yielding 268 proteins for downstream 

analysis [37]. 

4.5. Proteomics 

Sex was included a priori as a biological covariate in volumetric models when available. Other 

potential covariates (education, study site/scanner, race/ethnicity, and clinical severity measures such 

as total motor score) were not included in the primary model because they can be sparse/collinear in 

this sample and, for some measures, may be downstream of neurodegeneration. These were reserved 

for sensitivity analyses. 

Screening procedure: To identify candidate biomarkers of striatal neurodegeneration, we 

screened the 268 retained proteins by computing Spearman’s rank correlations between protein 

abundance and normalized putamen volume. P-values were adjusted using the Benjamini–Hochberg 

false discovery rate (FDR) procedure [38]. Significance was defined as q<0.05, and analytes meeting 

a suggestive threshold (q<0.10) were advanced for multivariable characterization. TNFRSF8 was pre-

specified for follow-up given its immune-regulatory role and interpretability in the context of 

immune dysregulation consistent with an immune-exhaustion-like profile; in this screen, it met the 

FDR significance threshold (q = 0.040). 

Multivariable modeling: Analytes meeting the suggestive FDR threshold (q<0.10) were entered 

into multivariable linear regression models. In addition, TNFRSF8 was included a priori as a pre-

specified immune-regulatory target given its interpretability in the context of immune dysregulation. 

All continuous predictors (CAP score, NEFL, and candidate immune markers) were Z-score 

standardized prior to modeling to enable direct comparison of standardized regression coefficients 

(Beta). The primary model was specified as: Putamen_Volume ~ CAP + Sex + NEFL + TNFRSF8. While 

the screening step used Spearman correlations to reduce sensitivity to outliers, region-of-interest 

matrices and multivariable models used Pearson correlations and ordinary least squares (OLS) 

regression on standardized data to satisfy linear modeling assumptions. 

Disease-burden model comparison: We compared three prespecified models on a common 

complete-case sample (N = 88): (i) no disease-burden covariate, (ii) age-adjusted, and (iii) CAP-

adjusted. Models were compared using adjusted R2, AIC/BIC, and k-fold cross-validated 

RMSE/MAE (k = 10 when available). CAP was retained as the primary disease-burden covariate 

because it provided superior fit and/or lower cross-validated error relative to age. 

Model diagnostics: Multicollinearity was assessed using the variance inflation factor (VIF) [39]; 

all predictors had VIF < 3 (max VIF = 1.80). Residuals were evaluated for normality (Shapiro–Wilk) 

and homoscedasticity (Breusch–Pagan) [40,41]. Influential observations were assessed using Cook’s 

distance (threshold 4/N) [42]. 

Validation and limitations: To mitigate optimism from using the same cohort for screening and 

modeling, confidence intervals for regression coefficients were estimated via bootstrap resampling 

(B=1,000) [20]. Mediation analysis was conducted to assess statistical mediation, evaluating whether 

TNFRSF8 mediated the association between CAP score and putamen volume [43,44]. All results are 

presented as exploratory pending external replication. 

4.6. Generative Artificial Intelligence 

The study employed a paper-as-code workflow, in which pre-specified analysis scripts 

automatically generate tables, figures, and corresponding manuscript text directly from the finalized 

statistical outputs. This approach ensures internal consistency, reproducibility, and traceability 

between the analysis code and the reported results. 

Any automated text generation was deterministic and rule-based, reflecting fixed templates 

populated by computed results, rather than probabilistic or generative modeling. No large language 

model or generative AI system was used to infer, summarize, or interpret findings beyond formatting 
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and structured insertion of results into manuscript templates. All analytical decisions, statistical 

modeling choices, and scientific interpretations were defined a priori by the authors and verified 

manually prior to submission. 

5. Conclusions 

In summary, our study finds that reduced immune-regulatory signaling is a distinct pathological 

correlate in HD, separable from general cytoskeletal damage. Our findings support a “Two-Track” 

model of HD pathology: Track 1, represented by NEFL, signals structural disintegration; Track 2, 

represented by TNFRSF8 (CD30), suggests a distinct immune-associated signal that declines with 

advancing striatal degeneration. This distinction is a sign of immune dysregulation consistent with 

an immune-exhaustion-like profile. This study enhances our understanding of the upstream 

biological processes that may contribute to or modulate degeneration in HD, and its findings warrant 

evaluation in longitudinal and interventional studies. Future work should extend the present analysis 

using larger longitudinal samples, preparing the way for multi-marker approaches that may be 

appropriate for prognostic enrichment, subtype stratification, and sensitivity to therapeutic target 

engagement in interventional studies for persons with HD. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org, Table S1: Proteomic Screening Results; Table S2: Cross-sectional mediation 

analysis (CAP → TNFRSF8 → putamen). 
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The following abbreviations are used in this manuscript: 

ADRC Alzheimer’s Disease Research Center 

BioSEND BioSpecimen Exchange for Neurological Disorders 

CAG Cytosine-Adenine-Guanine 

CAP CAG-Age-Product 
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CNS Central nervous system 

CSF Cerebrospinal fluid 

FDR False discovery rate 

HD Huntington’s Disease 

HTT Huntingtin gene 

ICV Intracranial volume 

LOD Limit of detection 

MRI Magnetic resonance imaging 

NEFL Neurofilament light 

NPQ NULISA Protein Quantification 

NULISA Next-Gen Ultra-Sensitive Immunoassay 

OLS Ordinary least squares 

TNF Tumor necrosis factor 

VIF Variance inflation factor 
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